Mathematical performance is highly correlated with several general cognitive abilities, including working memory (WM) capacity. Here we investigated the effect of numerical training using a number-line (NLT), WM training (WMT), or the combination of the two on a composite score of mathematical ability. The aim was to investigate if the combination contributed to the outcome, and determine if baseline performance or neuroimaging predict the magnitude of improvement.
Introduction
Academic abilities, like mathematical attainment, are dependent on not only ability-specific training but also general cognitive skills. Mathematical performance is highly correlated with nonverbal reasoning abilities (Geary, 2011) , working memory (WM) capacity (Gathercole et al., 2004; Bull et al., 2008; Dumontheil and Klingberg, 2012) and processing speed (Geary, 2011) .
Given the close link between cognitive and academic abilities, one would expect that enhancing cognitive capacity through training would also improve academic performance. However, the results to date have been inconsistent with both positive and negative findings (Dahlin, 2011; Dunning et al., 2013; Bergman-Nutley and Klingberg, 2014; Cheng and Mix, 2014; Holmes and Gathercole, 2014; Schwaighofer et al., 2015) . In this study, we explored the hypothesis that a combination of content-specific (i.e. mathemat-ics) and WM training (WMT) might provide a greater benefit to improving mathematical ability when they are used in combination than when they are used individually. Key questions for such an approach are what the optimal combination is, and to what extent and for what reasons this differs between individuals. The second aim was thus to find predictors of the training gain. Both psychological testing and neuroimaging could potentially contribute to such predictions. Imaging has previously been used to predict the magnitude of response to a particular intervention (Hoeft et al., 2011; Supekar et al., 2013) , but it has never been used to predict the amount of improvement among alternative interventions in children. In this study we try to make a step forward and inquire the differential predictive power of neuroimaging measures for different training types.
The current study included preschool (i.e. 6-year old) children because of the evidence that early academic skills are predictive of later achievements. For example, a meta-analysis of several longitudinal studies showed that mathematical ability at school entry was the best predictor of achievement in mathematics at age 13-15 (Duncan et al., 2007) . Similarly, Jordan et al. (2009) ber competency in kindergarten, as well as the growth of number competency from kindergarten to middle of first grade. Both measures explained the achievements in mathematics in third grade, emphasizing the importance of early number competence in order to set the children's learning trajectories. In an evaluation of different aspects of early mathematical ability, performance on the number-line task in 6-year olds predicted the rate of development during the next five years (Geary, 2011) . In the same study, cognitive performance, including visuo-spatial working memory, was also a significant predictor of future mathematical achievements. In the light of these previous results aiming at improve mathematical competencies in pre-school children seems to be the most effective ways to achieve stable and long lasting improvement.
In the current training, numbers were always represented using number-line. Addition and subtraction were performed through movements to the right and the left. Number-line training (NLT) was used because the number-line is an important construct in mathematics, and there is a strong tendency to represent numbers along a single spatial dimension (Hubbard et al., 2005; Booth and Siegler, 2008; Fischer et al., 2011) . Moreover, this spatial representation is located in the intraparietal cortex (Simon et al., 2002; Cohen Kadosh and Walsh, 2009; Knops et al., 2009; Arsalidou and Taylor, 2011) , possibly in areas shared by visuo-spatial representations used in WM tasks (Rotzer et al., 2009; Dumontheil and Klingberg, 2012) . There has also been several studies showing that training using the number-line enhance mathematical performance (Kucian et al., 2011; Kaser et al., 2013; Link et al., 2013; Looi et al., 2016) .
In order to acquire neural predictors of training-related improvement we chose to use BOLD activity during a WM task and grey matter volume (GMV). In a previous study BOLD signal during a WM task predicted math performance two years later in a developmental sample (Dumontheil and Klingberg, 2012) . The use of a WM task for scanning had the additional benefit of providing less variability in behavioral performance within the scanner relative to an arithmetic task, as there is a great variability in number and basic arithmetic operation knowledge in 6 years old. The second measure used for prediction was GMV. It has been repeatedly shown that GMV in the parietal cortices is correlated to mathematical abilities, at least in dyscalculic children (Rotzer et al., 2008) , premature born children (Starke et al., 2013) , and children born with low weight (Isaacs et al., 2001) . Moreover, a recent study found that GMV measured in the parietal cortex when children were in the first grade could predict mathematical performance in second grade (Price et al., 2016) .
To investigate these questions, we randomly assigned 6-yearold children to four different combinations of NLT, WMT and reading training (RT). The RT was intended as active comparison training. Our hypothesis was that a combination of WMT and NLT would be more effective than either WM or NLT alone. Statistically, we evaluated the effect of NLT and WMT as well as the interaction between them. The outcome measure in all analyses was a combined measure of mathematical performance. Secondly, our aim was to investigate if the magnitude of the training grain could be predicted by baseline performance in mathematics or WM, or neuroimaging data. We therefore statistically evaluated the interaction between baseline data and type of training on the outcome measures.
Materials and methods

Subjects
The study participants, which included 239 typically developing 6-year-old children and 69 children who were included after screening with measures of WM performance, where subjects with lowest 20% performance on the WM tasks were included. No subjects had neurological or psychiatric diagnosis. To include a large number of children in this study, the project spanned two schoolyears; 160 of the children participated in the training in 2015 and 147 participated in 2014. Only children who trained for at least 30 days (mean = 38.1, SD = 3.4) were included in the analysis, which included 259 children (210 typically developing and 49 low WM; 132 boys; mean age = 80.3 months, SD = 3.5).
The children included in the behavioral study were invited to participate in the neuroimaging part of the study. Of the 308 children participating in the behavioral study, 62 agreed to participate in the neuroimaging study and 58 completed the neuroimaging protocol. In the analyses, we used an index of the subject's movement in the scanner derived from fMRI acquisition, and only those subjects who completed at least one fMRI run (N = 45) were retained for further analysis. Movement parameters were also used as covariates in the analysis of BOLD signals. The imaging sample included 11 WMT/Read children (3 low WWM) 11 NLT/Read (2 low WM), 10 NLT/WMT (2 low WM) and 13 Read/Read (4 low WM).
Procedure
Two schools were contacted for the study, and they agreed to participate. A letter was sent to all families with a child attending the respective school. Written informed consent from both caregivers was obtained for all subjects.
Before and after the training period, subjects underwent a set of cognitive tests measuring abilities, including WM and mathematical abilities.
Participants were assigned to one of four training groups and underwent 30 min of training each school day for approximately 8 weeks. After performing a stratification based on a math test (verbal arithmetic WISC), school class and MR-participation, participants were assigned to one of the following groups: 50% WMT and 50% NLT, 50% WMT and 50% Reading, 50% NLT and 50% Reading, or 100% Reading.
The training took place in the classes, during regular school hours, always at the same time of the date, were compatible with regular curricular activity. For each class a teacher was responsible for ensuring the compliance of children with the training regime, and monitors the children during training.
Training programs
The training program was developed within our lab and is not available for commercial use. The program was designed for 6-year-old children and did not require previous knowledge of math, reading or tablets. The training program automatically logged out after 30 min of training and automatically switched between training programs after 15 min for the groups performing two types of training (e.g., WMT + NLT).
The WMT consisted of four different visuo-spatial working memory tasks. In each task a sequence of spatial positions had to be kept in WM and then reproduced by pointing on the screen. WM training with predominantly visuo-spatial tasks has previously been shown to be effective in increasing WM capacity (Klingberg et al., 2005) . WM training using exclusively visuo-spatial tasks has also been shown to be effective in younger children (Thorell et al., 2009; Bergman-Nutley et al., 2011) . Furthermore, the NLT was based on using a spatial representation of numbers, as explained in the introduction.
The NLT training consisted of tasks in which children used their index finger to drag along a number-line in order to respond. At the lowest and easiest level, Arabic numbers (e.g. "5") was presented and the child then used a finger to drag out a line from zero to the correct position on the number-line. The line created by this movement (from 0 to 5) was built up by 5 smaller, 1-unit squares. This exercise thus connects four representations of a number: the Arabic number (5), a spatial position, a length and a number of objects. Addition was achieved by repeated dragging-lifting-dragging the finger to the right. Similarly, subtraction was achieved by dragging to the left. Addition and subtraction were thus associated with movements to the right and to the left, respectively. Negative numbers were also introduced. Children progressed through gradually higher levels, with more difficult trials. Difficulty was increased by first reducing the number of Arabic number markings on the number-line, by increasing the length of the number-line, the magnitude of the sums and also by introducing addition and subtractions with three terms (e.g. 2 + 1-2). There were no requirements of speeded responses.
About 15% of the NLT time was spend training on the ten-pals task (Butterworth et al., 2011) . In this task, the children see a bar with length 0-10 appear to the left on the screen. To the right, there are always 10 different bars of length 0-10. They should choose the correct bar from the right so that the two bars add up to 10.
The reading task was based on the GraphoGame training which has been described in detail elsewhere (Lyytinen et al., 2009; Brem et al., 2010) . In brief, children learn to associate letter or letter combinations with sounds. At more difficult levels, they progressed to identify short words, and at the most advanced levels performed easy cross-words.
In all three training types (WMT, NLT, RT) the difficulty level in the program automatically adapted to the subject's performance so that the subject performed the training on a challenging level. In particular the algorithm ensured that the children reached accuracy between 60% and 70%, increasing or decreasing the level at needs. For WMT the levels simply corresponded to the length of the to-beremembered sequence. For the NLT and the reading tasks, higher levels contained more complex and difficult items. As for the reading training, the first levels only involved matching of letter and sound, introducing grapheme and words further in the training.
Cognitive testing 2.4.1. Test of mathematics
Three math tests were administrated by a test leader in one-onone session: addition, subtraction and verbal problem solving. The addition and subtraction tests were administered using iPads. Subjects were presented with an arithmetic problem in Arabic notation (e.g. 5 + 2=) and responded by pressing "buttons" on the screen marked 0-9. Numbers larger than 9 were entered by repeated pressing of the single buttons (e.g. 12 was entered by first pressing on the "1" button and then on the "2" button). There was thus no representation of the number-line for either presenting the problems or for responding.
The test of verbal arithmetic from the WISC-IV was manually administered. The test leader read out a problem aloud and the children responded verbally.
Test of working memory
Three working memory tests were used. One was administered on an iPad and contained a grid of dots (4 × 4) that were illuminated in a specific sequence, which the subject had to remember and repeat. The other two tests were the Block Repetition Forward (BRF) and Block Repetition Backwards (BRB) tests. In the BRF, the subject had to repeat a sequence of blocks shown by the test leader on a board in a specific order In BRB, the subject had to point at the blocks in the reversed order.
Test of reading
Reading skills were assessed using two different tasks. In the first task, the children had to recognize and pronounce letters in upper or lower case letters. In the second task, the children had to read non-words out loud.
Calculation of composite score
Composite scores were calculated for the math, working memory and reading tests. The means and standard deviations of the performance scores were calculated for the three math tests, the three WM tests and the two reading tests at baseline. Z scores were calculated for each of the tests, both at baseline and after training, using the means and standard deviations calculated using the data from baseline. The math component, WM component and reading component were then calculated as the average of the ztransformed math, working memory and reading tests, respectively (see Table 1 ).
Statistical analysis and model selection
The effect of training on mathematical ability was tested using the following general linear models:
We tested the effect of NLT, WMT and baseline performance for WM (WM bl ) and math (Math bl ), together with their interactions. NLT and WMT were coded using two dummy variables that were equal to 1 if a child had performed the training or zero if they had not. The interactions to include were chosen on the basis of the Akaike Information Criterion (AIC) and the relative likelihood (RelL), an index of information loss proposed by Burnham and Anderson (2004) . The linear model also included age, sex, cohort (subjects acquired in 2014 or 2015) and population (high or low WM level) as variables of no interest.
Behavior-based prediction
To assess the predictive power of the linear model selected using the AIC and the RelL we get unbiased prediction from the linear model using a leave-one-out cross validation. The accuracy of the predictions was calculated correlating the predictions with the measured math component after training. Furthermore, to show that including the type of training in the model significantly improved the prediction we used a permutation-based test: we repeated the leave-one-out procedure described in the previous paragraph 5000 times, randomly shuffling the WMT and NLT variables. In this way, we obtained an approximation of the distribution for the null hypothesis. If the correlation obtained using the real labels is higher than the 95th percentile of the distribution, one can conclude that including the training labels in the model improve the prediction with p < 0.05. The same permutation procedure was performed calculating the absolute mean error (AME) of the prediction.
Neuroimaging study 2.8.1. Neuroimaging acquisition
Magnetic resonance imaging data were acquired on a 3-T MRI medical scanner (Discovery General Electric) at the Karolin- Table 1 Demographic variables, math performances and included subjects. The table reports the mean and sd of age, trained day and behavioral performance both at baseline and after training. It also reports the sex distribution within the training group and the number of children who participated in each training group with number of children who completed the training. ska Hospital in Solna, Sweden. The scanner was equipped with an 8-channel phased array receiving coil. The participants who volunteered for the imaging part of the study underwent two T1-weighted and fMRI acquisitions.
1) T1-weighted images were acquired with a 1-mm 3 isotropic voxel size (TE = 3.06 ms, TR = 7.9 ms, TI = 450 ms, FoV = 24 cm, 176 axial slices, flip angle of 12 • ). 2) Functional MRI sequences were performed with a gradient-echo pulse sequence using a voxel size of 3 × 3 mm (TE = 30 ms, TR 2200 ms, FoV 22 cm, 46 axial slices, 3-mm thickness, flip angle of 70 • ). A total of 130 volumes were acquired.
ROI selection
To find data-driven ROIs, we used the neurosynth software (Yarkoni et al., 2011) . Briefly, neurosynth searches for a given term in a dataset of journals, finds papers containing the term and extracts the coordinates of the foci of the activation reported. The dataset of coordinates retrieved in a given search is divided into two groups according to whether the coordinates occurred in a paper that included the search term. Then, a giant meta-analysis is performed to produce statistical inference maps (Yarkoni et al., 2011) . We searched for the terms "arithmetic" and "working memory" and downloaded the forward inference map. The forward inference rather than the reverse inference was chosen because we were interested in any region that could be associated to the two functions, rather than to regions that are specific for those functions. An explanation about the difference between forward and reverse inference maps is present in the original paper (Yarkoni et al., 2011) . We thresholded the relative maps to p < 0.01 FDR. These maps showed the expected activations of the fronto-parieto-occipital network. The maps were then binarized, and an intersection of the two maps was determined (i.e. we performed a logical and between the two maps). This intersection map was then divided in clusters using marsbar (Brett et al., 2002) . Only clusters bigger than 100 mm 3 were retained The tested ROIs lying on the lateral surface of the brain are shown in Fig. 2 ; medial ROIs not shown in the figure were the posterior cingulate cortex, the left and right insula and the right caudate nucleus.
fMRI task
In the scanner, subjects performed a visuo-spatial WM task and a control task, similar to tasks previously used in scanning of children, and described in detail previously (Söderqvist et al., 2010; Dumontheil and Klingberg, 2012) . A sequence of two (load 2) or four (load 4) symbols appeared, one at a time, within a 4 by 4 grid. A symbol representing the planet earth was used all the experimental tasks. The presentation of cues was followed by a question mark presented in one of the 16 squares. The subject had to decide if the question mark was in one of the squares were cues previously had been presented. They responded by pressing a two-key pad.
The control task was visually similar to the WM task (control 2, control 4), but the sequences presented were fixed, i.e. the mark always appeared in the upper left and upper right corners of the grid for load 2 control and in all the corners of the grid for load 4 control. Moreover, the question mark during the response period always appeared in the same position, centrally, during the control task. As a further difference, the mark using for showing the sequences was a drawing of the planet earth during the experimental task, while it was a drawing of the sun during the experimental task. The subjects were instructed to always press the NO button during the control task. Answers and reaction times were registered.
Each subject underwent two runs with 32 trials in each run (8 load 2 trials, 8 load 4 trials, 8 control 2 trials, 8 control 4 trials). Load 2 and control 2 trials lasted for 6000 ms while load 4 and control 4 trials lasted for 8000 ms. Each trial was followed by an inter trial interval of 2 s. Within each sequence, the planet which marked the spatial positions appeared, for each position, for 500 ms, followed by 500 ms delay in which the grid was empty. Before the last position cued and the appearance of the question mark there was a 1000 ms delay. The question mark remained on the screen for 3000 ms, that was the total time allowed for an answer.
fMRI model
The 130 functional volumes acquired with imaging were submitted to a standard preprocessing pipeline performed in SPM8 (http://www.fil.ion.ucl.ac.uk/spm/software/spm8/), which included slice timing correction, realignment, normalization to the MNI standard template and smoothing with a FWHM kernel of 6 mm. The toolbox Artifact Detection Tools (ART) was used to identify volumes corrupted by excessive motion (defined as a framewise displacement >2 mm or a root mean squared change in bold signal >9). The fMRI data were analyzed in an event-related fashion. For the first-level analysis, we used separated boxcar regressor modeled trials of the WM and the control task with durations equal to the trial durations (load 2, 6000 ms; load 4, 8000 ms). These regressors were convolved with the canonical hemodynamic response function together with regressors representing the full model for each session, which included the residual movement related artifacts, volumes marked as corrupted by the ART toolbox and the mean for the scan duration. For each subject, a first-level contrast of WM trial versus baseline was calculated, and the mean beta weight for this contrast was extracted from the ROIs described in the previous paragraph.
The functional volumes were also used to calculate the framewise displacement (FD) using fsl motion outliers (Jenkinson et al., 2012) . The mean FD for the sample was 0.52 mm (± 0.52 mm).
Gray matter volume
T1-weighted images were segmented into gray and white matter using the unified segmentation procedure implemented in SPM The ROIs where a significant interaction between imaging parameters and training surviving multiple comparisons correction using FDR was found are shown in red, the ROIs where a significant interaction non surviving multiple comparisons correction are shown in yellow and nonsignificant regions are outlined in white, overlaid on a standard template. (b) Association between imaging parameters and improvement in the four training groups within the three regions of interest were an interaction surviving multiple comparisons was found. On the y axis are reported the residuals of math component after training over math at baseline, sex, population and age.
8 (Ashburner and Friston, 2005) . The diffeomorphic anatomical registration through exponentiated lie algebra (DARTEL) algorithm (Ashburner, 2007) was then used to normalize the gray matter segmented images. The resulting modulated normalized GM images were smoothed using a 6-mm isotropic kernel at full-width at halfmaximum (FWHM). These images were used to extract GMV from the previously described ROIs.
ROIs analyses
As a proof of principle, we tested the hypothesis that the imaging parameters measured in certain brain areas could predict the improvement that followed the training period for each training group (i.e., that an interaction exists between the imaging parameter and the training group). Because of this hypothesis, we focused the ROI analysis on the interactions between imaging parameters in the ROIs and the dummy variables coding for working memory and math training. The association between improvement in the math component and BOLD/GMV was tested in the ROIs. The model was as follows:
Math Performance post = ␤ 0 + ␤ 1 WMT + ␤ 2 NLT + ␤ 3 Imaging + ␤ 4 NLT × WMT + ␤ 5 NLT × Imaging + ␤ 6 WMT × Imaging + ␤ 7 NLT × WMT × Imaging + ␤ 8 WM bl + ␤ 9 Math bl + ␤ 10 Sessions + ␤ 11 Cohort + ␤ 12 Accuracy + ␤ 13 Population + ␤ 14 FD + The Sessions variable controlled for the number of fMRI runs (i.e., some children only performed one out of the two fMRI runs in the protocol). The Cohort variable controlled for the possible effect of having acquired the data in two different cohorts (2014 and 2015) . Accuracy referred to the child's average accuracy in the scanner task. The variable Population represented whether the subject belonged to the low WM spectrum group. FD was the framewise displacement. Accuracy and session were only included for BOLD.
Since the present study was an exploratory study without a strict a priori anatomical hypothesis, multiple comparisons were unavoidable. Therefore, we controlled for multiple comparisons by using a correction based on the Benjamini and Hochberg procedure (Benjamini and Hochberg, 1995) . The correction has been applied separately for BOLD and GMV.
The fitting of the models including the imaging parameter was assessed against a base model that included the same parameters, except for the imaging parameters using the RelL (Burnham and Anderson, 2004) . The fitness was assessed separately for each ROI and only for the imaging parameter that led to a significant interaction (i.e. if BOLD signal in region A significantly interacted with training group, the model with BOLD signal from region A was compared to the base model).
The interaction terms reported in the results remained significant when BOLD signal and GMV outliers (defined as point lying outside 1.5 times the interquartile range above the upper quartile and below the lower quartile) were removed.
Leave-one-out cross-validation of the imaging finding
In order to obtain unbiased estimated of the predictive power of the linear models including the imaging parameters extracted from the ROIs in which we found a significant interaction between imaging parameters and training group we performed a leave-one-out cross validation. The overall performance was assessed correlating the predictions with the measured values. Furthermore, to show that including the imaging parameters in the model significantly improved the prediction, we used a permutation-based test: we repeated the leave-one-out procedure 5000 times, randomly shuffling the values of the imaging parameters. In this way, we obtained an approximation of the distribution for the null hypothesis. If the correlation obtained using the real labels is higher than the 95th percentile of the distribution, one can conclude that including the training labels in the model improve the prediction with p < 0.05. The same permutation procedure was performed calculating the absolute mean error (AME) of the prediction.
Results
Behavioral results
In the main analysis, we tested our hypothesis that a combination of WMT and NLT would be more effective than either one singularly, entering WMT and NLT in a factorial model using math abilities after training as dependent variable. Firstly, we examined the extent to which the training programs affected the performance in the typically developing children only (n = 210). As a second step, we repeated this analysis in the extended group (n = 259), which included children who demonstrated low measures of WM to allow for a larger range of abilities at baseline and therefore a larger power to determine whether a child's ability at baseline affected the outcome.
In the typically developing children (n = 210), there was a significant effect for NLT (F(1,198) = 6.65, p = 0.01, ␤ = 0.09) but only a trend towards significance for WMT (F(1,198) = 3.04, p = 0.08, ␤ = 0.06). There was no interaction between the two types of training (NLT × WMT) (F(1,198) = 2.27, p = 0.13, ␤ = 0.05). There were significant interactions between WMT × WM bl (F(1,198) = 10.9, p = 0.001, ␤ = 0.12) and trends toward interactions between NLT × Math bl (F(1,198) = 3.24, p = 0.07 ␤ = 0.06). The improvement in each training group is shown in Fig. 1a . The improvement in the combined group (NLT/WMT) was 0.72 standard deviations. This improvement was significantly greater than the improvement in both the Read (improvement = 0.44 standard deviations, t = 2.57, p = 0.011) and WMT groups (improvement = 0.48 standard deviations, t = 2.14, p = 0.034), with a trend towards greater improvement also compared to the NLT group (improvement = 0.54 standard deviations, t = 1.62, p = 0.097). The difference between NLT and WMT was not significant (p = 0.47). The NLT + WM group was the only group that improved significantly more than the RT group (all p > 0.42).
Next, we analyzed the full study sample (n = 259), which included both typically developing children and those with a low WM. The results of this analysis were consistent with those described above and indicated a significant effect of NLT (F(1,246) = 5.32 p = 0.02, ␤ = 0.08), no effect of WMT (F(1,246) = 1.52, p = 0.19, ␤ = 0.04) or interaction between the two types of training (NLT × WMT) (F(1,246) = 1.72, p = 0.19, ␤ = 0.04). There were significant interactions between NLT and Math bl (F(1,246) = 4.50, p = 0.034, ␤ = 0.07) and between WMT and WM bl (F(1,246) = 3.09, p = 0.0001, ␤ = 0.12) (Fig. 1b) . Both of these interactions were positive, i.e., a high math or high WM score was associated with greater improvement in NLT or WMT, respectively. The interaction between Math bl and WM bl was also significant (F(1,246) = 2.08, p < 0.001, ␤ = −0.12). None of the control variables (sex, age, cohort and population) were significant (respectively p = 0.12, p = 0.23, p = 0.19, p = 0.095). This analysis thus showed a general effect of the NLT and strong interactions between baseline performance and type of training.
As a follow-up analysis, we used the statistical model used above in a sample only comprising subjects with high WM (i.e. above the median WM component at baseline). For this subsample (n = 127, NLT/Read = 29, WMT/Read = 37, WMT + NLT = 30, Read/Read = 31), the effect of WMT was significant (p = 0.044), but the effect of NLT was not (p = 0.4), highlighting the importance of baseline performance for the training outcome.
All the statistical analyses were modeled in a parametric fashion; however, to further illustrate the interactions between baseline performances and training gain, we assigned the subjects to quartiles according to their baseline performance in mathematics and WM and plotted their improvement in the math composite score (Math post − Math BL ) (Fig. 1b, c) . We also computed the mean improvement for the different quartiles and training groups. Subjects in the WMT group that were in the first quartile for the baseline WM performance improved by 0.2 standard deviations, whereas subjects in the same training group that were in the third and fourth quartiles improved by 0.70 and 0.60 standard deviations, respectively. Thus, subjects in the third and fourth quartiles showed an improvement that was approximately 3 times that of students in the first quartile. Fig. 1d illustrates math improvement as a continuous function of baseline performance.
We assessed the unbiased predictive power of the presented linear model using leave-one-out cross validation. The correlation between the predicted math component after training and the measured values was 0.84 (p = 2.2 −16 ). The inclusion of training labels significantly improved the prediction (p = 0.0003). The cross-validated AME was 0.36, and the inclusion of training label significantly reduced it (p =0.003).
Imaging results
Next, we tested our hypothesis that information from an MRI scan at baseline could predict the training outcome differentially for the different training groups. The brain activity and GMV was assessed in 20 regions of interest (ROIs) derived from the intersection of two metanalyses identifying regions active during "working memory" and "arithmetic".
On average, the children performed the task in the scanner above the chance level. In particular the accuracy [95% CI] was 62.5 [59.3-65.6] for load 2 and 59.5 [56.6-62.37] for load 4. The overall accuracy during the WM block (i.e. average accuracy for WM at load 2 and load 4) was significantly correlated with the WM component at baseline (r = 0.53, p < 0.001).
The interaction between BOLD signal during a WM task and training factor was significant in 5 of the ROIs (Table 2 ). Three of these regions (left inferior frontal gyrus, right middle frontal gyrus and right occipital gyrus) remained significant after corrections for multiple comparisons of the 20 ROIs using false discovery rate. The main effect of BOLD was not significant in any of the regions (all ps > 0.09).
Next, we analyzed the structural data from the 45 subjects with complete imaging data. The interaction between GMV and training factor was significant in the right parietal cortex ROI (p = 0.005), although it did not survive FDR correction (Table 2 ). The main effect of GMV was not significant in this region (p > 0.12). Fig. 2 shows the tested ROIs overlaid to a standard anatomical template. The scatterplots show the relationship between BOLD signal and the math improvement (defined as the residuals of math abilities after training over math at baseline, sex, population and cohort) for the four different groups. It can be noticed that for the three ROIs the relationship show a similar patter, with negative or almost flat slope in the WMT, NLT and read group and positive slope for the WMT + NLT group.
All models including the imaging parameter from the regions showing significant interaction with training group significantly reduced the Akaike Information Criterion (AIC) (model including BOLD from the Left IFG compared to base model, p = 0.021, model including BOLD from the Right MFG compared to base model, p = 0.002, Right LOC p = 0.001, model including GMV from the Right Parietal ROI compared to base model p = 0.001), except for the model including BOLD from the left occipital pole (p = 0.07). This shows that they contributed significant information, above and beyond that provided from the behavioral measures.
The models including behavioral measures and the BOLD signal from left IFG, the right MFG or the right LOC all lead to significant correlation between predictions and measured variable (0.73, 0.75 and 0.74 respectively). In order to confirm that including the imaging parameter in the model improved the prediction, we compared these correlations to the null distribution obtained by randomly permuting the imaging parameter values. The introduction of the imaging parameters significantly improved the correlation (left IFG p = 7.285 −09 , right MFG p = 2.997 −09 , right LOC p = 3.821 −09 ). These results show that the improvement in prediction obtained introducing the imaging parameters from these regions is significant.
Discussion
The aims of the current study was first to investigate the impact of WMT, NLT and the interaction between the two on a compound measure of mathematics. Secondly, we aimed to identify baseline characteristics that predicted relative gain for the different types of training.
In the entire sample, we found a significant effect of NLT but not WMT, although there was a trend for the typically developing group (p = 0.08). Training using the number-line thus transferred to mathematical tests without a number-line. This study did not include a group training arithmetic without a number-line and we can thus not specify the added benefits of using a number-line. Our results, however, are consistent with other studies showing the benefit of using a number-line for mathematical training (Kucian et al., 2011; Kaser et al., 2013; Link et al., 2013; Looi et al., 2016) .
There was no significant interaction between NLT and WMT. However, among the four training groups, the combination of NLT + WMT showed the largest absolute change (Fig. 1a) . The NLT + WMT was also the only group which significantly differed from the reading control group. We interpret this as partial support for the hypothesis that the visuo-spatial WM skills provide a scaffold to hold spatial representations in mind that are useful for number-line processing and mathematics in general. However, all of these effects were the general trends, and as it turn out, the more interesting effects were how much children differed in their response to the intervention.
Both baseline measurements of WM and mathematics interacted with type of training, showing that individuals' responses to the interventions differed depending on their abilities at baseline. The general trend was that children with higher WM improved more from WMT than other children, and that children with higher math at baseline improved more from the NLT. To illustrate this, a split-half analysis showed that children with higher WM at baseline improved their mathematical ability significantly by training WM, while the effect of NLT was not significant. Another way to illustrate this is to divide children into subgroups based on their baseline performance ( Fig. 1 b,c) . The impact of a specific training could vary by a factor of three among individuals, depending on their baseline performance. A plot of the continuous response pattern (Fig. 1d) suggests that the interactions could be more complex than the linear models capture. A more highly tuned and non-linear model of the interaction effects based on the individual profiles could be a better solution. The strong interaction of training effect with baseline performance is consistent with what has been described as the Matthews effect, noted already by Thorndike (Thorndike, 1908) . The neurobiological factors causing lower plasticity, i.e. gain during training, could be the same factors that contribute to slower development and therefore lower performance at baseline (Klingberg, 2014) . This dependency could also explain some inconsistencies between WM training studies, and negative findings for children selected because of their low WM (Roberts et al., 2016) . The results show that WMT in principal could have a positive effect on mathematics. It is possible that children with initially low WM will need substantially more training to reach the same effects, but that can only be determined by additional studies.
The interaction between baseline characteristics and type of training is a prediction of the magnitude of training gain. However, we do not interpret this as an indication that baseline performance should be a guideline for categorical decision to administer one intervention rather than another. Instead, the conclusions that we think should be drawn is that baseline performance could indicate the relative mix, in terms of percent time spent on each type of training. In this case, we only evaluated two types of training, but future research could expand this into more areas. For example, in children with high WM at baseline, one would predict that a mix- Table 2 Significant interactions between training type and imaging parameters; * p < 0.05; † p < 0.1 after correction for multiple comparisons using false discovery rate. Coordinates according to MNI for center of mass of each region. L = left; R = right. ture of NLT and WMT, with more time spent on WMT, would be most beneficial. The neuroimaging data also contributed to the prediction about how much an individual benefitted from each intervention. Both gray matter volume and brain activation during a WM task were associated to math improvement differentially in the four training groups (Table 2, Fig. 2 ). The association was significant beyond the contribution of the baseline behavioral variables. In particular, subjects with higher BOLD activity in the right MFG, the right LOC or the left IFG benefitted more from the combination of NLT and WMT (Fig. 2) . It has previously been shown that BOLD signal during WM task performance can contribute to predict normal development of mathematical ability (Dumontheil and Klingberg, 2012) , above the predictions that can be made from behavioral testing of WM. The neural mechanisms underlying this interaction are unclear. But this significant interaction is proof-of-principle that neuroimaging data can contribute to individualize interventions.
In the analysis of the structural MRI data it was found that subjects with higher grey matter volume in the right parietal cortex benefitted more from the WMT than subjects in the same training group with lower grey matter volume (p = 0.005), although this association did not survive correction for multiple comparisons. Brain activity in the right parietal region, especially the intraparietal sulcus, has been associated with WM capacity (Todd and Marois, 2004) , and abnormal morphology of this area has been associated with dyscalculia (Molko et al., 2003; Cohen Kadosh and Walsh, 2007) . Moreover, cortical thickness of the intraparietal sulcus has been associated with WM capacity (Darki and Klingberg, 2015) . Structural measures can give more predictive information of development of WM above and beyond the predictions made from psychological measures (Ullman et al., 2014; Darki and Klingberg, 2015) . It is therefore reasonable that structural measures of this region could give information about the impact of WMT on mathematical ability. Moreover, the parietal cortex is related to both mathematics and WM, but the exact localization of the two functions in relation to each other is still unclear. If some parts are more related to WM than mathematics, this could explain why the grey matter value interacts with WMT and not NLT.
The present study thus shows that imaging at baseline is associated with relative improvement or development, confirming finding from previous study (Hoeft et al., 2011; Dumontheil and Klingberg, 2012; Supekar et al., 2013; Ullman et al., 2014) . Furthermore, the present findings make one step further in showing that the combination of imaging and behavior can predict an individual's response to different types of interventions.
One limitation of the present study was the lack of a passive control group. Reading and mathematical abilities are highly correlated in children (Hecht et al., 2001) , and it is possible that reading training was beneficial for some subjects (Glenberg et al., 2012) . Future studies might include more subjects, more subgroups, longterm follow-up and training on other cognitive abilities that have been associated with mathematical ability, such as reasoning (Primi et al., 2010; Fischer et al., 2011) and spatial abilities (Fischer et al., 2011) . A second limitation of the study is the limited number of children in each training group included in the neuroimaging arm.
Although overall the neuroimaging analyses included a total of 45 subjects, each of the four groups only included between 10 and 13 subjects. For this reason, the neuroimaging results should be regarded as preliminary, and a replication using a bigger sample is needed.
In conclusion, we found that NLT was effective on the entire population, that WMT was effective in subjects with higher WM baseline, but that in most cases, the combined training was most effective. Both psychological and neural measures at baseline provide information that can be used to tailor an optimal training paradigm for the individual child. Depending on their baseline characteristics, individuals differed by a factor of three in their responses to a particular intervention. If these inter-individual differences were understood, operationalized and implemented, then future interventions could show a significantly larger improvement in their effectiveness.
